The problem of derivation and calculation of sensitivity functions for all parameters of the mass balance reduced model of the COST benchmark activated sludge plant is formulated and solved. The sensitivity functions, equations and augmented sensitivity state space models are derived for the cases of ASM1 and UCT reduced biological models. Matlab software for sensitivity function calculation and sensitivity model simulation is developed. The results are described and discussed. The behaviour of the sensitivity functions is used to determine which parameters of the reduced model need to be estimated in order to fit the reduced model behaviour to the real data for the process behaviour.
Introduction
The problem of effective and optimal control of wastewater treatment plants has become very important in recent years due to increased populations and requirements for the quality of the effluent. The activated sludge process (ASP) is a wastewater treatment process characterised by complex nonlinear dynamics, a large number of variables, and a lack of sensors for real-time measurement of many of these variables. The above process characteristics require real-time control design and implementation strategies to be developed in order to achieve process operation which is compliant with the international standards for effluent quality. Modern optimal control design and implementation for the activated sludge process demands extensive insight into the plant's operation, clear objectives, and knowledge about process dynamics described by an appropriate mathematical model. Modelling is the most critical phase in the solution of any control problem because nearly all control techniques require knowledge of the dynamics of the system before control design can be attempted. This means that the primary task of any modern control design is to construct and identify a model for the system which is to be controlled.
Mathematical models of the wastewater treatment processes were developed using the first principles of conservation of mass and energy (Copp, 2002) , on the basis of developed biological models, such as the first ones described by Dold et al. (1980) , Henze et al. (1987) and Wentzel et al. (1992) . The obtained mass-balance models describe the process-technology structure and biological reactions taking part in this structure.
Examples of such models are the COST benchmark model (Copp, 2002) and the University of Cape Town (UCT) model (Ekama and Marais, 1979; Ekama et al., 1984) . The most used biological models are the IAWQ1 (Henze et al., 1987) -the model of the International Association for Water Quality called Activated Sludge Model 1 (ASM1), and the UCT model -the model developed at the UCT Department of Civil Engineering (Dold et al., 1980) .
The full ASM1 and especially the UCT model present major problems in terms of their direct use for real-time simulation and control design purposes, because of their complexity, limitations and drawbacks, as follows:
• Large number of model variables • Complex dependencies and interconnections between the biological variables • Different time scales for the process dynamics • The control actions for the process are not included in an explicit way in the model equations • Many variables are difficult to measure • Many model kinetic and stoichiometric parameters are difficult to determine and have uncertain values A way to overcome these difficulties would be to simplify the complex model by developing reduced biological and mass-balance models with a small number of variables, while still maintaining the same characteristics as these of the original full model (Pearson, 2003) . Kinetic parameters of this reduced model can be determined by development and application of different methods for parameter estimation (Holmberg and Ranta, 1982; Jeppson, 1996; Halevi et al., 1997; Noykova and Gyllenberg, 2000) . Solution of the problem of parameter estimation is based on the given mathematical model in which the parameters are not known, and on data for the process variables obtained by measurement. Many of the biological nutrient removal models are not identifiable since they have many more parameters than http://dx.doi.org/10. 4314 (Pertev et al., 1997; Varma et al., 1999) . In this case the problem can be solved if the influence of the parameters on model behaviour is studied and the non-influential parameters are considered to have zero or constant known (nominal) values. The influential parameters can then be estimated on the basis of data from the measurements (Varma et al., 1999) . The goal of the paper is to develop a mathematical and computational tool for determining which parameters can be accepted as known and which need to be estimated on the basis of the reduced model of the COST benchmark process (Du Plessis, 2009) .
A sensitivity study of the model variables towards the model parameters provides a tool to identify the influential parameters. The sensitivity study of the dynamic model set of equations examines the changes in the model variables in response to changes in the model parameters (Smets et al., 2002; Mussafiet et al., 2002; De Pauw and Vanrolleghem, 2003) . Parameters resulting in large values for the sensitivity function have to be estimated (Sato and Ohmori, 2002; Louries et al., 2008) . If some parameters with small values for the sensitivity function could be found, the problem of parameter estimation could be simplified by considering these parameters as known (Holmberg and Ranta, 1982; Noykova and Gillenberg, 2000) .
There are different mathematical methods for parametric sensitivity analysis, such as finite difference, direct, the Green's function, the polynomial approximation, and so on. Most previous studies have used the finite difference method (Smets et al., 2002; Plazl et al., 1999; Mussafiet at al., 2002; Varma et al., 1999; Pertev et al., 1997) . This method is calculation-intensive and gives a local estimation of the sensitivity function for a given parameter. The global sensitivity method simultaneously calculates the sensitivity functions for a large number of parameters and for a large variety of parameters. This method allows better analysis of the parameter's influence as it provides full information about each sensitivity function. The direct method is applied for the mass balance model of the COST benchmark plant (Copp, 2002) , based on ASM1 and UCT reduced biological models, developed in Du Plessis (2009) . The mass balance models are used for derivation of the sensitivity functions of the model variables towards all kinetic and stoichiometric model parameters. As a result, a dynamic sensitivity state-space model is developed. The reduced process model is augmented with the sensitivity model in order to build a model giving possibilities for global sensitivity analysis of all model variables to all model parameters. Matlab software for sensitivity function calculation and global (augmented) sensitivity model simulation is developed. The results are described and discussed.
First, a definition of the sensitivity functions is given. Reduced ASM1 and UCT biological and benchmark mass balance models are then described. The augmented sensitivity state-space model of the benchmark mass balance reduced model, based on the ASM1 biological model and based on the UCT biological model, is derived further. Description of Matlab software and results from simulation of the above models are given followed by discussion of the results. Finally, a summary of the results is given and their importance and applicability discussed.
Sensitivity functions, vectors and models
The behaviour of physical systems is determined by the values of their parameters. Investigation of the system response to changes in the values of the parameters enables determination of parametric sensitivity. Such analysis is important for all spheres of science and engineering, especially for design of the systems and their control (Frank, 1978; Varma et al.,1999; Fesso, 2007) . The sensitivity function X θ (t) of the nonlinear system:
( 1) where:
XЄR l is the state space vector, uЄR m is the control vector, gЄR l is the nonlinear vector function of the process states, controls and parameters, and θЄR p is the vector of the parameters, is defined as (Sato & Ohmori, 2002) :
(2)
In other words, the sensitivity function (X θ ij ) is a mathematical description which indicates the influence of a slight change in parameter θ j on the behaviour of the state variable X i and X θ ЄR l . Differentiating (1) according to the vector θ gives the sensitivity dynamic nonlinear equation:
(3)
The solution of the Eq. (3) describes the sensitivity function behaviour, but requires data for the state-space variables of the model given by Eq. (1). This means that a set of Eq. (1) and (3) has to be solved simultaneously. The set of these 2 equations can be represented as an augmented mathematical model (Tzoneva et al., 1996) . The augmented sensitivity model is obtained by extension of the model state-space vector by the vector of the sensitivity functions, as follows:
(4)
The augmented model is used for global parametric analysis of the reduced COST benchmark mass balance model for the case of the ASM1 and UCT reduced biological models. Equations (1)-(4) are derived for each of these 2 cases.
Reduced biological and mass balance models for cost benchmark plant layout

Reduced biological models
A fundamental requirement for development of reduced models is that they contain a minimum number of state variables and parameters to allow for model identification based on available online measurements and for online calculation of the process optimal control. Different types of reduced models are introduced in the literature (Moore, 1981; Glover, 1984; Safanov and Chiang, 1989; Latham and Anderson, 1985; Al-Saggaf and Franklin, 1988; Wisnewski and Doyle, 1996; Halevi et al., 1997; Beck et al., 1996; Lee at al., 2002; Jeppson, 1996) using different approaches of reduction, such as qualitative analysis, truncation methods, dominant eigenvalues, and optimisation.
The existing biological models of the activated sludge 289 process are characterised by a large number of processes and compounds, as well as a large number of kinetic and stoichiometric parameters. These models, such as ASM1 and UCT, are very complex for use in real-time state and parameter estimation and process optimisation. ASM1 and UCT reduced models, used in conjunction with the benchmark mass balance model, are developed in Du Plessis (2009), applying time-scale analysis of the model variables' dynamics (Dochain, 2003; Lennox et al., 2001; Stecha et al., 2005; Wang and Gawthrop, 2001) . This allows decomposition of the complex models' variables into the following time scales:
• Fastest (minutes) -dynamics of physical-chemical variables such as dissolved oxygen, pH, conductivity, redox potential • Intermediate (hours) -dynamics of utilisation of carbonaceous and nitrogenous substrates and the inflow flow rate and concentrations of waste materials • Slowest (weeks or months) -dynamics of the heterotrophic and autotrophic microorganisms and slowly biodegradable biomass
The main disturbances to the activated sludge process are the load disturbances determined by the inflow rate and waste concentrations. The control of the ASP would be effective if it could overcome the effect of the inflow disturbances. This means that the model of the process has to have dynamics within the same time scale as that of the disturbances. That is why only dynamics of the carbonaceous and nitrogenous substrate and inflow disturbances are included in the reduced model. It is possible to neglect the equations of the full biological model describing the concentrations of the slowest variables because their dynamics are many times slower and they can thus be considered to be in a steady state. It is also possible to neglect the equation for dissolved oxygen (DO) concentration because its dynamics are approx. 10 times faster than the dynamics of the substrate concentrations, and it can be assumed that the value of the DO is controlled and is equal to that of the required set-point. The dissolved oxygen concentration as a control variable is included in the switching functions of the process rates describing the reduced models. The above principles are used for development of both the ASM1 and UCT reduced models. At the same time the differences between them, due to the different views on the processes of adsorption and hydrolysis, are preserved. The notations of the ASM1 model are used for the process variables of both models. The notations of the model parameters are kept as for the original models.
Reduced-order ASM1 biological model
Aerobic growth of heterotrophs X BH for degrading of organic matter, anoxic growth of heterotrophs for the de-nitrification process, aerobic growth of autotrophs X BA for the nitrification process and, lastly, the hydrolysis of entrapped organic nitrogen, are the processes that characterise the dynamic behaviour of the 3 components used in describing the removal of carbon and nitrogen: soluble ammonium nitrogen S NHn; soluble nitrate nitrogen S NOn, and soluble readily-biodegradable substrate S Sn concentrations. This model is described by the Peterson matrix given in Table 1 . It has 4 processes and 3 compounds (variables), where S On is the concentration of dissolved oxygen and X Sn is the slowly-biodegradable substrate concentration. The typical values of the model parameters for the ASM1 model are given in Table 2 .
The corresponding differential equations describing the variables' rates for the n-th tank are: 
Reduced-order UCT biological model
The model is described by the Peterson matrix given in Table 3 . It has 10 processes and 4 variables. The considered processes are: aerobic growth of X BH on S S with S NH , aerobic growth of X BH on S S with S NO , anoxic growth of X BH on S S with S NH , anoxic growth of X BH on S S with S NO , aerobic growth of X BH on S ads with S NH , aerobic growth of X BH on S ads with S NO , anoxic growth of X BH on with S NH , anoxic growth of X BH on S ads with S NO , adsorption of X S , aerobic growth of X BA on S NH . The additional variable, representing the main concept of the enzyme reactions in the UCT model is S ads , which describes the concentration of the adsorbed slowly-biodegradable substrate. The model parameters are given in Table 4 . The UCT notations for the model parameters are used.
The corresponding equations for the variables' rates are:
(11)
Mass-balance reduced model of the benchmark plant
The layout of the COST benchmark structure (Copp, 2002) is given in Fig. 1 . The benchmark format has 2 anoxic tanks, 3 aerobic tanks and a secondary settler with 2 recycle flows (from aerobic tank 5 to the input and from the settler to the input), where: Q 0 is the input flow rate, Q a is the internal recycle flow rate, Q n , n=1:5, is the output flow rate of the n-th tank, Q r is the recycle flow rate, Q e is the effluent flow rate, and Q w is the waste flow rate, X n, n=1:5, is the vector of the waste compound concentrations in the influent and the n-th tank. The values of the flow rates and tanks volumes are given in Table 5 . 
For Tank n=2, 3, 4, and 5:
where: X n =[S NHn S NOn S Sn ] T and X n =[S NHn S NOn S Sn S adsn ] T , n=1:5, are vectors of the concentrations of the variables considered in the ASM1 and UCT reduced models, and ∆t=15 (min) is the sampling period. The model of the settler, considered as an ideal one, is incorporated in the above equations as:
where: for the soluble compounds, λ=1, and for the particulate compounds, λ=(Q 0 +Q r )/(Q r +Q w ).
The above equations are the same for both the ASM1 and UCT model, as structure, flow and volume. The difference is in the description of the number of compounds and the process rates, due to the different approaches to representing the biological activities of the microorganisms in these 2 models (Wentzel et al., 1992) . The variables' rates r are described correspondingly by Eqs. (5) ÷(7) for the reduced ASM1 and by Eqs. (8)÷(11) for the reduced UCT model. Additionally to the parameters of the reduced models, a parameter f is included in the mass balance equations for the 1 st tank. This parameter multiplies the concentration of the ammonia nitrogen in order to take account of the biological ammonia not considered in the reduced models, due to neglecting of the variable S ND (soluble biodegradable organic nitrogen concentration).
The sensitivity of the reduced model variables towards the model parameters is evaluated by using the theory of sensitivity (Schermann and Garag-Gabin, 2005; Montgomery, 1997; Breyfogle and Breyfogle, 2003) .
Augmented sensitivity mass balance model derivation for the case of ASM1 reduced model
Sensitivity functions and equation derivation
The derivations of the sensitivity functions and models are analogous for every process tank. That is why they are calculated for the n-th tank, as follows:
• For the parameter f 1) For the 1 st tank
2) For tanks 2 ÷ 5
dS NH,n /df=S f NH,n , dS NO,n /df=S f NO,n , dS S,n /df=S f S,n are the sensitivity functions of the process variables towards the parameter f. The variables' rate derivatives towards the process variables are given in Appendix A.
• For the parameters 1) For the 1 st tank 
where:
S θ NH,n , S θ NO,n , S θ S,n are the sensitivity functions to the parameter q, the partial derivatives of the variable's rates according to the variables are determined above and the derivatives of the variables' rates according to the model parameters are given in Appendix A.
Augmented sensitivity state-space model
The sensitivity state-space model is derived for the whole plant. The vector of the sensitivity state-space consists of all sensitivity functions according to the model parameters, as follows for the n-th tank:
The state process variables' vector for the n-th tank is:
The combined vector for the process variables and sensitivity functions for the n-th tank is:
This vector is used for the augmented state-space process and sensitivity-function model derivation.
The matrix of the derivatives of the variables' rates towards the process variables is:
The vector of the derivatives of the process rates to the model parameters, Appendix A, is:
Description of the augmented model in the discrete state-space domain is given for every tank separately because of the large dimensions of the vector of the state-space.
• Augmented sensitivity state-space equation for the 1 st tank in the discrete form incorporates the process variables and sensitivity functions, as follows:
where: the variables' rates are expressed by the process rates
is the dissolved oxygen concentration in the 1 st tank, considered as its control action:
The matrices A 1 θ are identical for all parameters. The matrix C 1 S represents the parameters in the Peterson matrix and is:
The matrix B 1 S is:
The inflow variables' concentration vector is
The vector D 1 S represents the derivatives of the variables' rates towards the model parameters.
The matrix A 15 S describes the internal recycle between the end of the 5 th tank and the beginning of the 1 st one. The connections           45   ,  ,  ,  ,  ,  ,  ,  ,  ,   ,  ,  ,  ,  ,  ,  ,  ,  ,  ,  ,  ,   ,  ,  ,  ,  ,  ,  ,  ,  ,  , 
where: all matrices A 15 are identical and:
• Augmented sensitivity model equations for tanks n = 2 ÷ 5
The state-space model incorporating the process variables and sensitivity functions are derived for the n-th tank, as follows:
The matrices A n,n-1 S are:
where: A n,n-1 and A n,n-1 q are identical
The vector D n S is:
The matrices C n S are equal to C 1 S .
• Augmented sensitivity state-space model of the whole plant
The model of the variables and sensitivity functions for the whole plant is described on the basis of Eqs. (32) and (38) as follows:
(42)
The matrices A S ∈R 240x240 and C S ∈ R 20x240 are:
The vector of the process rates is:
The matrix B S and the vector D S are:
Model (42)-(45) is used to calculate the parametric sensitivity functions of the benchmark structure with the ASM1 reduced model.
Augmented sensitivity mass balance model derivation for the case of the UCT reducedorder model Sensitivity function and equation derivation
The order of calculation is done in the same way as above.
The sensitivity functions are given by equations:
2) For the other n = 2÷5 tanks
The sensitivity functions are given by the equations: 48  48  15  15  15   ,  ,  ,  , 53  52  51  44  43  42  41   34  33  32  31  24  23  22  21  14  13  12  11 , , 53  52  51  44  43  42  41   34  33  32  31  24  23  22  21  14  13  12  11 , , 
The partial derivatives of the variables' rates are determined in Appendix B.
Augmented sensitivity state-space model
The augmented sensitivity state-space model is formed in the same way as above. It is based on the model of the plant extended with the model of the sensitivity functions. The vector of the sensitivity functions consists of all sensitivity functions according to the model parameters, as follows for the n-th tank:
The process state-space vector for the n-th tank is:
The augmented vector for the process variables and sensitivity functions is:
This vector is used to describe the augmented model of the process variables and sensitivity functions. The matrix of the process variables' rates derivatives towards the process variables is:
The vector of the variables' rate derivatives towards the parameters can be represented in the following way (Appendix B):
The augmented process and sensitivity state-space model is described for every tank separately because the large dimension of the vector of state-space and the number of tanks creates the need for a large amount of space for describing the model matrices.
• The state-space model for Tank 1 in discrete form is:
where: ρ 1 =[ρ 11 ρ 12 ρ 13 … ρ 1,10 ] T is a vector of the process rates (68) The matrices A 1 θ are identical for all model parameters:
The matrix C 1 S =[C 1 0 10x68 ]∈R 10x72 represents the parameters from the Peterson matrix: ,  ,  ,  ,  ,  ,  ,   ,  ,  ,  ,  ,  ,  ,  ,  ,  ,  ,  ,   ,  ,  ,  ,  ,  ,  ,  ,  ,  ,  ,  ,   ,  ,  ,  ,  ,  ,  ,  ,  ,  ,  ,  ,   ,  ,  ,  ,  ,  ,  ,  ,  ,  , 
The inflow vector is:
The vector D 1 S represents the derivatives of the variables' rates towards the model parameters:
The matrix A 15 S describes the internal recycle between the end of the 5 th tank and the beginning of the 1 st one. The vector X 5 S is formed in the same way as the vector X 1 S :
• Derivation of the equations for tanks n = 2 ÷ 5
The return-flow dynamics for all other tanks are identical, thus the models will have the same structure, as follows: (74) where:
The matrix A n θ has the same structure for all parameters θ and for all tanks n=2:5.
for all parameters θ.
The matrices C n S are equal to C 1 S with the same coefficients.
• Augmented sensitivity state-space model of the whole plant Combining all equations for the tanks, the full model is:
The augmented model (77) is used for calculation of the sensitivity functions of the COST benchmark plant reduced mass-balance model for the case of the UCT reduced biological model. The models (42) and (77) are nonlinear because of the nonlinear rate expressions in the matrices A S and vectors r and D S . The dissolved oxygen concentration is considered as a control input for these models and it appears in the rate expressions forming A S , r, and D S . Matlab programs are developed for parameter sensitivity calculations using equations (42) and (77).
A matrix/vector representation of the models allows simplification of the software code and reduction of time for calculations.
Sensitivity analysis
The sensitivity analysis of the wastewater treatment model variables towards the model parameters is done in order to determine which parameters have to be estimated for the corresponding reduced models during the real-time operation and control of the process.
Software for the sensitivity analysis
Software programs are developed in the Matlab environment 72  72  15  15  15   ,  ,  ,  ,  ,  , A  A  diag  A  ,  ,  ,  ,  ,  ,  ,  ,   ,  ,  ,  ,  ,  ,  , 50   510  59   58  57  56  55  54  53  52  51  410  49  48  47   46  45  44  43  42  41  310  39  38  37  36  35   34  33  32  31  210  29  28  27  26  25  24  23   22  21  110  19  18  17  16  15  14  13  12 For each of the considered cases the software consists of:
• Main program for input of the nominal process parameters, initial conditions, average values of the biomass concentrations, calculation of the process model matrices and organisation of the calculation algorithm • Sub-programs for calculation of the process rates, sensitivity functions and formation of the sensitivity model statespace and rate matrices and vectors.
The algorithm of the calculation is given in Fig. 2a for the main programme and in Fig. 2b for the sub-programmes. The results from the simulations of the sensitivity functions for Tank 1 and Tank 5 are given in Figs. 3 to 8 . The minimum or maximum values of the sensitivity functions are given in Table 6 and Table 7 .
Results for the UCT reduced-order biological model
The simulation is done for the parameters given in Table 4 and for the inflow average concentration given by the vector X ϕ: 31.56; 0.0;69.5;202.3] .
The values for the biomass and the slowly biodegradable substrate are given by the vectors: The vector of the dissolved oxygen concentration is:
The results from the simulations of the sensitivity functions for Tank 1 and Tank 5 are given in Figs. 9 to 16 . The minimum or maximum values of the sensitivity functions are given in Table 6 and Table 7 .
Discussion of the results
The minimum or maximum values of the sensitivity functions are shown in the tables for the different process variables and parameters. These values can be analysed as follows.
Sensitivity functions simulation for the benchmark process model based on the reduced ASM1 biological model
The sensitivity functions of S NH1 for almost all parameters (without K OH and K NO ) display the same type of behaviour. They start from a zero value (in some cases with a small delay), grow in a positive or negative direction to a maximum/minimum value and then reduce to a steady-state value. The maximum/ minimum value is in the time interval between the 5 th and 8 th hour from the beginning of the simulation period. The steady-state value is achieved at around the 15 th hour from the beginning of the simulation period. The maximum values are obtained for parameters f,Y A , K S ,K OH ,K NO ,K NH ,K OA ,K X . The greatest maximum is for parameter Y A (490), followed by K NH (100) and K OA (80). The smallest minimums are for parameters i XB (-300), μ A (-200), and μ H (-45). The behaviour of the sensitivity functions of S NH5 for Tank 5 has the same characteristics as for Tank 1, but the maximum and minimum values of these functions are greater in absolute values, as for example Y A (498) and
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Figure 2a
Flow chart of the main program for sensitivity functions calculation
Figure 2b
Flow chart of the subprogram
Results for the ASM1 reduced biological model
Simulation is done for the parameters given in Table 3 and for the inflow average concentration given by the vector X θ : 31.56; 0.0;69.5;202.3] .
The steady-state conditions of the biomass and the slowlybiodegradable substrate are given by the vectors: On the basis of the above it can be concluded that model behaviour is sensitive to parameters Y A, Y H, i XB, μ A, K NH, μ H, and K X . The sensitivity of variables S NHn and S NOn , n=1, n=5, is higher than that of variables S Sn , n=1, n=5, for parameters Y A, i XB , μ A , and K NH . The sensitivity of the variable S Sn , n=1, n=5, is greater for parameters Y H , μ H , and K X . Some of these parameters can be selected for parameter estimation in order to fit the reduced model to the process data.
Sensitivity function simulation for the benchmark process model based on the reduced UCT biological model
The sensitivity functions of the variable S NHn , n=1, n=5, behave exponentially, with the exception of the sensitivity function for parameter K NO , which displays a small overshoot and then is reduced to a low steady-state value. The steady state maximum/minimum values of the sensitivity functions for the 1 st tank are f (35), Y ZA (275), i XB (-1900) , μ H (-39), K OH (190), K NH (110), K OA (500), μ A (-500), K MP (95), and K SP (105). For the 5 th tank the corresponding values are f (35), Y ZA (295), i XB (-1900) , μ H (-39), K OH (190), K NH (120), K OA (500), μ A (-500), K MP (105), and K SP (125). It can be seen that the sensitivity functions have a time delay and their values are greater for the 5 th tank.
For the sensitivity functions of variable S NOn , n=1, n=5, a couple of overshoots at the beginning are then followed by a slow approach to the steady state. The extrema of the sensitivity functions for the parameters are as follows: Y ZA (35), K NH (4), K SA (-17) for the 1 st tank; and Y ZA (35), K NH (-120), K SA (-18) for the 5 th tank. It can be seen that the values of the sensitivity functions in this case are relatively smaller in comparison with the corresponding ones for the first 4 tanks. It is only the influence of parameter K NH which is stronger in the 5 th tank.
For variable S Sn , n=1, n=5, the sensitivity function displays very low values, and many overshoots for the first 5 hours, with time delays of these trajectories for the 5 th tank. After this the trajectories approach steady state. The extrema of the sensitivity functions for the parameters are as follows: Y ZH (38), μ H (-550), and K S (33) for the 1 st tank; and Y ZH (45), μ H (-700), and K S (35) for the 5 th tank. The variable S Sn , n=1, n=5, is not sensitive to the parameters to which otherprocess variables are sensitive.
The behaviour of the sensitivity functions of variable S adsn , n=1, n=5, is similar to that for variable S Sn , n=1, n=5. The extrema of the sensitivity functions for the parameters are as follows: Y ZH (4 000), K OH (7.5), K MP (2 000), K SP (700/-250), f mA (300), and K A (12 000) for the 1 st tank, and Y ZH (4900), K OH (7.5), K MP (2 500), K SP (750/-780), f mA (350), and K A (18 000) for the 5 th tank. This variable is very sensitive to the above parameters and extremely insensitive to the rest of the parameters.
Based on the results obtained it can be concluded that the process variables are sensitive to different parameters. Some of these parameters, such as Y ZH , K MP , K SP , K A , μ H , i XB , and K OA , can be selected for estimation in order to fit the reduced model to the process data. The reduced UCT model variables have very low sensitivity to some of the parameters and very high sensitivity to the rest of the parameters. It is difficult to find a group of parameters which result in high values of the sensitivity functions for all variables of the model.
Conclusion
The objective of this study was to describe the development of a sensitivity analysis direct method for developing a reduced -190) and K OH (-50) . The maximum and minimum values of the sensitivity functions in this case are for different parameters than those in the 2 variables, S NHn and S Non , considered above. 302 model of the activated sludge process, characterised by a large number of parameters and insufficient data measurements. Derivation of sensitivity functions and augmented sensitivity state-space models for the reduced mass balance COST benchmark model, based on reduced ASM1 and UCT biological models, was presented. Matlab software was developed and simulations provided. The results enable one to answer the question as to which of the parameters need to be estimated in order to fit the reduced model behaviour to the data. Selection of the candidate parameters for estimation was based on a comparison of the minimum or maximum values of the corresponding sensitivity functions. The shapes of the sensitivity functions obtained for all variables and parameters of Tank 1 for the benchmark process model, based on the reduced ASM1 or reduced UCT biological models, are similar to the corresponding functions for Tank 5. The difference is in the minimum or maximum values of the sensitivity functions, which are greater for Tank 5 . Another difference is that the sensitivity function trajectories for the 5 th tank have a time delay and are slower. Different combinations of parameters selected by the sensitivity analysis were estimated and the trajectories of the estimated model showed a good fit to the measured data. The methods used, algorithms, Matlab software and results for parameter estimation are not discussed in this paper. The reduced models, if properly calibrated, can predict the process behaviour, with small errors. These models are usually developed for real-time control design as a response to inflow disturbances. Reduced model applications for detailed studies of process interaction between variables, kinetic parameters and output performance will not be as successful as the application of the full models.
The main contribution of the study reported herein is that it provides a quantitative basis for classification of the model parameters. This helps to address the problems of complexity and uncertainty during the process of parameter estimation for nonlinear models. The proposed structure of the augmented sensitivity model is general and modular which permits its application to any wastewater treatment process and to any other nonlinear model. The vector/matrix structure of the model allows effective use of Matlab software and rapid solution of the simulation sensitivity problem. This means that the proposed structure of the augmented model assures global sensitivity analysis without increasing the computation burden.
The developed algorithms and software can be used for different applications: to simplify models, to investigate robustness of the proposed parameter estimation results, to analyse different scenarios for the plant operation, to determine the region of the parameter space for which the output is minimum or maximum, to discover interactions between the input factors (variables and parameters), to discover issues not anticipated at the beginning of the investigation, and to use in real-time joint solution of the problem of parameter estimation, control design and implementation, as a part of an adaptive control strategy. DOCHAIN D (2003) State and parameter estimation in the chemical and biochemical processes: a tutorial. J. Process Control 13 801-818. DOLD P, EKAMA G and MARAIS G (1980) 
Appendix A
The derivatives of the variables' rates for ASM1 reduced biological model towards the model variables and parameters are determined as follows:
1. The variables' rate derivatives towards the process variables:
• for the variable's rate r SNH,n • for the variable's rate r SNO,n • for the variable's rate r SS,n 2. The variables' rate derivatives towards the model parameters. The partial derivatives of the process rates according to the model coefficients are as follows:
• for the variable's rate r SNH,n 
. 
.
Appendix B
The derivatives of the variables' rates for the UCT reduced biological model towards the model variables and parameters are determined as follows: 
